In this paper, we propose two novel histogram-based techniques that are robust to the changes in image illumination levels. Given a query image and an image database, current histogram-based techniques retrieve similar images acquired under similar illumination levels. However, these techniques fail when images are acquired under varying illumination conditions. First, we propose to employ moments of the image histogram that are invariant to scaling and translation of image gray levels. Secondly, we propose to compare the parameters of histograms of the wavelet subbands for indexing. These parameters are modified appropriately to counter the effect of changes in illumination. The proposed techniques can be combined to further improve the indexing efficiency. The techniques are computationally inexpensive and can also be easily integrated within a wavelet-based image coder.
INTRODUCTION
With recent advances in compression (JPEG/MPEG/H263) and networking (ISDN, ATM) technology, image and video applications are increasingly at a rapid pace. Typical applications include digital library [1] , digital TV [2] , video-on-demand [3] , remote sensing, retailing and law enforcement. Image and video data are voluminous and hence require sophisticated techniques for efficient storage and retrieval. Traditional databases use keywords as labels to rapidly access large quantities of text data. However, representation of visual data with text labels needs a large amount of manual processing and entails extra storage. In addition, the retrieval results might not be satisfactory if the text-query does not truly reflect the visual content. Hence, several image indexing techniques have been proposed in the literature to store, retrieve, and manipulate images based on their content [4, 5, 6] .
A block schematic of a typical image archival and retrieval system is shown in Fig. 1 . A multidimensional feature vector is generally computed for each image, and indexing is performed based on the similarities of the feature vectors. Since the interpretation and quantification of various features are fuzzy, emphasis is typically placed on the similarity rather than the perfect matching of the feature vectors. In indexing applications, a feature is selected based on the following performance criteria: i) its capacity to distinguish between different images, ii) the maximum number of images a query could possibly retrieve, iii) the computational complexity of feature generation, and iv) the amount of space required to store the features. Some of the widely used features for image indexing are histogram, color and texture.
Histogram comparison has recently become a popular technique in image and video indexing applications because of its simplicity [7] . Here, the histogram of a query image is compared with the histograms of all images in a database. A small set of images corresponding to the least histogram difference is retrieved for visual interpretation. Stricker et al. [8] have proposed a reduced complexity technique that compares a few of the histograms' moments instead of the actual histograms. Mandal et al. [9] have shown that orthogonal Legendre moments provide superior indexing performance compared to regular or central moments.
With the advent of various image compression standards [10, 11] , the current and future databases are likely to employ compression techniques for efficient storage. This has led to the proliferation of a number of compressed domain indexing techniques in the literature [12] . Here, indexing is performed directly on the compressed data (see Fig. 2 ). Various indexing techniques have been proposed employing KarhunenLoeve transform (KLT) [13] , discrete cosine transform (DCT) [14] , and discrete wavelet transform (DWT) [15] . A technique exploiting the directional property of DWT has been proposed in [9] . Here, the histograms of different wavelet bands of the query image are employed as an index.
The indexing techniques proposed in the literature generally assume that similar images in the database have the same brightness. This assumption is violated in practice due to the following reasons: i) variation in ambient illumination condition, ii) nonlinear automatic gain control of camera, ii) variations in camera signal response, iv) nonlinearity in photo-developing, scanning, and digitization process. Hence, indexing techniques invariant to illumination conditions must be developed. Funt et al. [16] have proposed an illumination-invariant indexing technique, where histograms of color ratios are compared. Here, the ratio of RGB color triples from neighboring locations, which are generally insensitive to changes in the incident illumination, are used for indexing. This technique is computationally intensive since it employs twodimensional convolutions, and logarithmic operations.
In this paper, we propose two indexing techniques that are computationally simple and robust to changes in illumination. First, moments of histograms that are invariant to translation and scale of the image intensity functions are employed. Secondly, the statistical distribution parameters of DWT coefficients are employed as an index. We note that the statistical parameters are appropriately modified before comparison in order to counter the effect of changes in illumination.
The organization of the paper is as follows: a brief review of the background work is presented in section 2. The proposed techniques are detailed in section 3. The performance of the proposed techniques is presented in section 4, followed by the conclusions.
REVIEW OF BACKGROUND WORK
In this section, we provide a brief review of indexing techniques based on histograms, moments and wavelet decomposition.
Image Models
An image can be defined [17] as a two-dimensional light intensity function f x y ( , ) where the amplitude of the function at any spatial coordinate provides the intensity (brightness) of the image at that point. The function f x y ( , ) is generally represented as a function of two components: i) the amount of source light incident on the scene, and ii) the amount of light reflected by the objects in the scene. These are referred to as illumination component, i x y ( , ) and reflectance component, r x y ( , ) , respectively. Thus, an image function can be represented as:
where 0 < < ∞ i x y ( , ) and 0 1 < < r x y ( , ) . We note that the simple image model described above, which is also known as coefficient model, holds true only for sensors with narrowband sensitivity [16] . It can be seen from Eq. (1) that the image intensity function is directly proportional to the illumination component.
Histogram
The histogram [17] of a digital image is a discrete function
, where n i is the number of pixels in the image with gray level i . The histograms of color images are generally defined in a threedimensional color space. The function,
gives an estimate of the probability of occurrence of a gray level i , where N is the total number of pixels in the image. It provides a global description of the appearance of an image and is hence popular in image indexing. Swain et al. proposed to use color histogram intersection for matching color objects [4] , which is based on the assumption that similar images have similar color distributions. The color or gray level distribution of an image (i.e., the histogram) is invariant to image rotation and changes slowly with translation. Thus, the low sensitivity of image histograms to camera and object motion makes it a viable technique for the indexing application. In addition, the complexity of histogram-based techniques is lower compared to classical techniques of pattern recognition, and hence histogram-based techniques are suitable for real-time implementation. The histogram of the query image is compared with the histograms of all the images in the database. The images with the least difference in histogram are then selected for next level of search.
The distance between two histograms f and g in L p metric can be expressed as
We note that absolute error ( L 1 ), or square error ( L 2 ) metric is typically used in indexing applications.
Direct comparison of histograms provides good indexing performance when the lighting condition of the acquired images are similar. However, when the illumination levels of the acquired images change, the histogram also changes considerably. Direct comparison of histogram, in these cases, may provide a poor indexing performance.
Moments
Traditionally, moments have been widely used in pattern recognition applications to describe the geometrical shapes of different objects. They provide fundamental geometric properties (e.g., area, centroid, moment of inertia, skewness, kurtosis) of a distribution [18] . The moments can also be used to represent the pdf of pixel intensities of the image [8] . We note that the pdf of pixel intensities is the same as the histogram except for a scale factor that normalizes the total area under the pdf to be 1. Hence, we use the term pdf and histogram interchangeably in the rest of the paper.
The kth-order regular, central, normalized central, and Legendre moments of a function f x ( ) are defined respectively as
( )
where x is the mean of the image, and P x k ( ) is the kth order Legendre polynomial. 
where, the weight W k is expressed as:
Generally, only a few moments are used in Eq. (7) to estimate the distance between two histograms.
As discussed in section 2.2, neither the histogram nor the corresponding moments provide illumination invariant indexing. A moment-based indexing technique that is robust to changes in illumination is proposed in section 3.1.
Wavelets
The images in current and future databases are most likely to be stored in compressed form. Hence, superior indexing performance can be obtained if the properties of the compression scheme are also exploited for indexing. Discrete wavelet transform is popular in image coding applications [19] . Wavelets provide multiresolution capability, good energy compaction, and adaptability to human visual system [20] .
Let L R 2 ( ) denote the vector space of measurable, square integrable one-dimensional function. The
where the wavelet basis functions Ψ a b t L R , ( ) ( ) ∈ 2 can be expressed as From Eq. (10) we can see that the basis functions are dilated and translated versions of the mother wavelet Ψ( ) t . Consequently, it was shown in [20] that the wavelet coefficients of any scale (or resolution) could be computed from the wavelet coefficients of next higher resolutions. This has facilitated implementation of wavelet transform using a tree structure that is known as pyramid algorithm.
Here, wavelet transform of a 1-D signal is calculated by passing it through a lowpass (LPF) and a highpass filter (HPF) and decimating the filters' outputs by a factor of two.
The 2-D DWT is generally calculated using a separable approach, by first executing the 1-D DWT on the rows, and then executing 1-D DWT on the columns. Fig. 3 shows a three-level wavelet decomposition of an image S 1 of size a b × pixels. In the first level of decomposition, one lowpass subimage ( S 2 ) and three orientation selective highpass subimages
) are created. The process is repeated on the lowpass subimage to form higher level wavelet decomposition. In other words, DWT decomposes an image into a pyramid structure of subimages with various resolutions corresponding to the different scales.
Wavelet-based Indexing
Several techniques have recently been proposed for indexing in the subband/wavelet domain. Wavelets have a potential for providing a good indexing capability because of several reasons. First, indexing can be done hierarchically using the multiresolution feature capability. Secondly, edge and shape of objects can be determined easily in the wavelet domain. Finally, directional information can be exploited to enhance the indexing performance. A detailed review of wavelet-based indexing techniques can be found in [21] . In the following, we present a brief review of a few selected techniques.
Indexing techniques based on direct comparison of thresholded wavelet coefficients have been proposed by Jacobs et al. [22] , and Wang et al. [23] . In the first technique, the average color, the sign (positive and negative) and indices (spatial location) of M (the authors have used a value of 40-60) largest magnitude DWT coefficients of each image are employed as index. In the second technique, the entire coarse resolution subband coefficients are employed as index. However, the indexing performance of these techniques is not robust to translation and rotation that are crucial in imaging applications. Indexing techniques based on directional information, or band statistics have been proposed by Smith et al. [24] . Here, a nine-channel (for three-stage decomposition) thresholded texture image is created from the highpass DWT coefficients of each image. A 512-bin texture histogram is generated by considering pixels from all channels corresponding to each spatial location. This technique provides good indexing performance for texture images. However, for general image databases, it does not perform as well. In addition, the computational complexity is high.
An indexing technique based on comparison of histograms of highpass wavelet coefficients has been proposed by Mandal et al. [9] . It is well known that the histograms (or pdf) of the wavelet highpass bands can be represented using a generalized Gaussian density (GGD) function which can be expressed as [25] :
where γ is the shape parameter of the pdf. The positive constants a and b are given by
where σ is the standard deviation of the pdf and Γ(.) is the standard gamma function.
Hence, instead of comparing the band histograms directly, two parameters from B bands can be compared using the following distance functions [9] :
where, σ k 's and γ k 's are the standard deviation and shape parameters of wavelet subimages, respectively. A k and B k are the weights of the subimages which are estimated by trial and error procedure to achieve the best performance. The images which have minimum distance, d ( . ) , are then retrieved from the database. It has been shown that this technique along with the moment technique provides good indexing performance.
Funt's Algorithm
Recently, Funt et al. [16] have proposed an illumination-invariant indexing technique based on the image model described in section 2.1. For three color channels { } R G B , , , the image function of Eq. (1) can be written as:
The ratio of sensor responses from two locations ( , ) x y 1 1 and ( , ) x y 2 2 under the same illumination yields the ratio of surface reflectance which is given below:
By computing the logarithms of both side of Eq. (14) , the ratio is converted to differences:
Since the right hand side of Eq. (15) is independent of illumination, the left-hand side can be used for illumination independent indexing. The ratio histogram technique (henceforth referred as RHT technique) is implemented as follows: i) logarithms of { } R G B , , channels are computed, ii) a convolution operator (with functions such as Laplacian) is then applied on the logarithm values, and iii) a 3-D histogram is computed from the convolution output. This 3-D histogram is then used as an index.
We note that this technique can be applied only on { } images have to be first converted to { } R G B , , which increases the complexity. In addition, it involves logarithmic operations followed by a two-dimensional convolution. Hence, the overall complexity is very high.
We observe that the logarithm operation in the RHT compresses the dynamic range of the image intensities of different color channels. The subsequent convolution operations provide the highpass information that is used to generate feature vectors. This approach is not efficient for the indexing application. In this paper, we propose a technique where color channels are first convolved with wavelet filters, and histograms of the highpass wavelet bands are computed. These histograms are then compensated appropriately for illumination invariance.
ILLUMINATION INVARIANT INDEXING
In this section, we present two illumination invariant indexing techniques based on moments and wavelets. The translation and scale invariant moment technique is detailed in section 3.1. The waveletbased indexing technique is discussed in section 3.2. The combined moment and wavelet technique is detailed in section 3.3. The complexity of the proposed techniques is presented in section 3.4.
Translation and Scale invariant Moments
According to the coefficient image model described in section 2.1, the intensity of various color components changes proportionately with the illumination. Hence, the histogram of an image, which is the pdf of the image intensity values, will be dilated proportionately with the illumination. Fig. 4 shows an image that was acquired using a CCD camera at two different lighting conditions. It is observed that the envelopes of the two histograms are very similar. The histogram of Fig. 4b (i. e., the brighter image) is shifted towards the right and is also stretched compared to the histogram of Fig. 4a (i. e., the darker image). Generally, the histograms of an image with varying lighting conditions can be approximated as a translated and scaled version of each other. The amount of translation and dilation depends on the photo developing and digitization process. We note that this assumption is valid when i) the change in illumination is uniform through out the image, and ii) the envelope of the histogram is not distorted appreciably by the nonlinear effect of the illumination.
The distance between the histograms which are translated and dilated versions of each other, is likely to be large and hence are not expected to provide a good indexing performance. This translation and scaling effect can be countered by using translation and scale invariant (TSI) histogram. A TSI histogram is calculated such that its first moment is zero and its second moment is a constant. An elegant way of comparing TSI histogram is to compare its moments which can be easily calculated from the original histograms. We now describe the computation of TSI moments of a histogram.
Let's assume that the change in illumination has dilated the pdf f x ( ) (which is a scaled version of the histogram) by a factor of α and the dilated pdf is represented by ′ = f x f x ( ) ( / ) / α α . We note that the amplitude of the new pdf has been scaled in order to keep the overall area unity under the pdf. The central moments of the new pdf can now be expressed as:
The normalized central moments of the new pdf can then be expressed as
It is observed that the normalized central moments of the two pdfs are related by a constant factor. A set of normalized moments that is invariant to scale α , can be defined as:
We note that η k 's will be the same for both pdf's irrespective of the values of α . In addition, β 1 cannot be used in Eq. (17), since it is equal to zero. The translation and scale invariant (TSI) moments of Eq. (17) represent a pdf whose first moment is zero and second moment is unity. The pdf's of all the images are modified such that they all have unity second moment. Thus, the effect of uniform change in illumination is neutralized. The comparison of regular/central moments, however, does not provide good indexing performance. It has been shown in [9] that orthogonal Legendre moments provide superior performance compared to central moments, as the error space is orthogonal. We now outline a procedure to convert the TSI moments to the corresponding Legendre moments. Fig. 4b (which has 256 gray levels) to the Legendre interval. In this case, the mean ζ is equal to 100 which is aligned with the origin of the Legendre axis and subsequently the whole histogram is shifted. In this process, the gray levels ranging [228, 255] in the original image are lost. This loss of histogram bins (due to centralization) could have been avoided by sampling the Legendre axis more finely. However, this will make a major portion of the pdf equal to zero and the corresponding moments will be less effective, resulting in a degradation in performance. However, if ζ is significantly different from 128, the performance can be improved by a finely sampled Legendre axis.
In order to reduce the complexity of moment comparison, we modify the calculation of Legendre moments as defined in Eq. (6). The modified Legendre moments can be expressed as:
The L 2 distance between two histograms can now be calculated from the modified Legendre moments using the following equation:
We observe that the multiplication of the weights k W is avoided in Eq. (19) for calculating the histogram dissimilarity. Henceforth, we will refer the modified Legendre moments by Legendre moments, dropping the term modified for convenience.
The implementation of indexing technique using TSI Legendre moments (henceforth denoted by TSI-
LGM technique) is done in two steps. In the first step, a feature vector for each image is precomputed and stored in the database. In the second step, the feature vector is retrieved from the database and processed for indexing. The complete procedure is as follows: vii) The images that provide the least distance are retrieved.
Wavelet-based indexing
The indexing performance of histogram techniques can be improved using wavelet band histogram (Eq. 12). First, we will show how the standard deviation of wavelet bands changes when the gray levels of an image is translated and scaled. This will be shown for 1-D signal, but can easily be extended to 2-D image. Suppose, the amplitude of a signal ) (t f is increased (i.e. translated) by ε , and scaled by α ,
. The wavelet transform of ) (t f ′ can be expressed as (see Eq. 9):
[ ]
is the wavelet transform of
We note from Eq. (22) that when the gray levels of an image are translated by a fixed amount, the highpass DWT coefficients remain unchanged, since the integral of a wavelet function is equal to zero. In other words, the statistics of the highpass subbands are invariant to translation of gray levels of the image. However, the variance is not invariant to translation or scaling. Let us assume that the mean and variance 
We note that the mean ξ of a highpass wavelet band is generally very close to zero and hence Eq. A similar experiment was performed to find the relationship between the shape parameter γ and the scale factor α . Fig. 7 shows the γ of wavelet coefficients of different bands of an image along the corresponding γ of the LI (α = 0 67 . ) and the HI (α = 15 . ) versions of the same image. It is observed that i) γ generally decreases with an increase in α and vice versa, ii) the rate of change is much smaller compared to σ , and iii) the rate of change is different in different bands. We have assumed for simplicity that the change in the shape parameter is proportional to the change in the scale factor (from the ideal value of 1), i.e., (24) and (25), respectively. The dissimilarity of the query image f and target image g is estimated using the weighted Euclidean distance of these parameters.
The parameter B refers to the number of wavelet bands used in the indexing process. A k and B k are the weights of the parameters which are estimated by trial-and-error procedure to achieve the best performance. The images which have the minimum distance d(.) with respect to the query image are retrieved from the database.
Joint Moment and Wavelet-Based Indexing
The moment technique (TSI-LGM) and the wavelet technique (WP) can be combined (henceforth referred as TSI-LGM+WP technique) to obtain a superior coding performance. The distance between the query image f and the target image g corresponding to the TSI-LGM+WP technique is expressed as: 
Complexity of the Proposed Techniques
We note that there are two types of complexities involved in the proposed indexing algorithms -i) the complexity for feature vector generation, and ii) complexity for feature vector comparison. We note that the feature vector is generated only once, and stored along with the image. On the other hand, the complexity for feature comparison is involved in each case of retrieval. The feature generation in the proposed techniques involves only histogram computation, moment generation and wavelet parameter estimation. The shape parameter can be estimated employing a low complexity algorithm proposed in [26] . On the other hand, the RHT technique requires logarithm, convolution operations and histogram computation. It has been found that the overall complexity of RHT feature generation is a few times greater compared to the proposed techniques.
The run-time complexity of the proposed techniques involves i) the generation of N (non-trivial) TSI moments, ii) converting them to Legendre moments, and iii) generation of B 2 TSI wavelet features, iv) comparison of N B + 2 features. Since, only a few moments are employed, steps (i) and (ii) have a lower complexity. Steps (iii) and (iv) involve only a few operations for scaling the parameters, and comparison of the parameters, respectively. On the other hand, complexity of RHT technique is directly proportional to the number of histogram bins, which is generally high. Thus, the overall complexity of comparing features for an RHT technique is a few times greater compared to the proposed techniques.
PERFORMANCE OF THE PROPOSED TECHNIQUES
In this section, we evaluate the performance of the proposed techniques. We have used the efficiency of retrieval as the performance criterion [27], which is defined as follows: for each image i in a database of size K , we manually list the similar images in the database. Let, N i , 1 ≤ ≤ i K , be the number of such images. We then apply the indexing technique to a query image q . By comparing the feature vector of the query image with those of other images in the database, we retrieve the first (
images. Here, T is a positive integer and is used as a tolerance factor. If n q is the number of successfully retrieved images, the efficiency of retrieval is defined as: . In the first database (DB1), we have chosen fifty images, where each image has three derivatives corresponding to i) standard, ii) low, and iii) high illumination. Thus, we have a total of 150 images with varying illumination conditions. The different illumination conditions were simulated using histogram modification that is linear in the central region and marginally nonlinear at the edges. The LI and HI conditions were simulated using α = 1 2 5 . and α = 0 8 . , respectively.
In addition to changes in illumination condition, the users may be interested in retrieving images which are translated and rotated versions of the query image. Therefore, in the second image database (IDB2), we have chosen fifty images, where each image has three derivatives corresponding to i) standard position and standard illumination, ii) clockwise rotated position with low illumination, and iii) anti-clockwise rotated position with high illumination. Thus, we have a total of 150 images with varying illumination levels as well as spatial changes. Given a randomly selected query image, the retrieval is considered to be successful if an indexing technique retrieves the other similar images. We note that the square error ( L 2 ) metric has been used to evaluate the performance of all moment and wavelet techniques.
In order to estimate ′ γ 's in Eq. (27), an optimal constant c has to be determined to calculate the shape parameters using Eq. (25) . Wavelet transforms were calculated for the entire database of images with Daubechies 8 tap minimum-phase wavelets. Ten wavelet bands were obtained for each image with a three stage dyadic decomposition. One constant value c was estimated for each highpass band and these values were used for all the query images. The nine constants corresponding to the highpass bands ranged between 0.05 and 0.09. This verifies that shape parameters are marginally affected by changes in scale.
To evaluate the performance of Funt's ratio histogram technique (RHT), the images in IDB1 and IDB2 are first converted from the { }
to the { } R G B , , color space. The logarithms are calculated for each color channel and passed through a Laplacian operator. A 3-D ratio histogram is then computed with 7 bins in each color channel. We note that the histogram is nonuniformly quantized to achieve superior performance. In addition, three 1-D ratio histograms are also calculated with 256 bins in each channel. The retrieval performance of RHT is shown in Table 1 . It is observed that combined performance of three 1-D ratio histograms is 57.57% and 50.75%, respectively, for IDB1 and IDB2. The 3-D ratio histogram provides a superior retrieval performance, namely 77% and 64% for IDB1 and IDB2, respectively.
The performance of various indexing techniques on the { } Y images of IDB1 is shown in Fig. 8 . The retrieval efficiencies were calculated with T = 6 and B = 3 . It is observed that the general moments (LGM and CNM) provide a retrieval efficiency of only 15-30%. We note that the retrieval efficiency depends on the degree of illumination change and generally degrades with higher degree of change. The TSI moments (TSI-M) and TSI Legendre moments (TSI-LGM) provide a retrieval efficiency of 65% and 80%, respectively. The retrieval efficiency of the wavelet (WP) technique (shown in Table 2 ) is approximately 97%. The joint Legendre moment and wavelet (TSI-LGM+WP) technique provides a retrieval efficiency of 99%. It is observed in Fig. 8 that the optimal number of moments (excluding the zeroth, first and second order moments) ranges between two and four. It was observed in [9] that the optimal number of Legendre moments for general database (without illumination change) is of the order of 15-16. However, in the present case, the retrieval efficiency saturates and degrades beyond 5-6 moments. One possible reason is that the dynamic range of image intensity levels is limited to only 256 levels. Therefore, the effect of illumination is not truly linear for digital images as assumed in the model. As a result, the central moments are not strictly related by an exponential factor as shown in Eq. (16) . This is especially true if the illumination condition is changed significantly.
The performance of various techniques on all the three color channels { } Y Cb Cr , , of IDB1 is shown in Fig. 9 . While comparing the feature vectors, the weights of the two chrominance components { } Cb Cr , were set to 30% of the { } Y component, since these components are generally less important. We observe in Fig. 9 that the performance of CNM and TSI-M has significantly improved compared to Fig. 8 . However, the improvement is not as significant for TSI-LGM+WP technique since, the retrieval performance is already very high for { } Y .
The performance of various indexing techniques on { } Y and { } Y Cb Cr , , images of IDB2 is shown in Fig. 10 and Fig. 11 , respectively. It is observed that the overall retrieval performance is worse compared to that of IDB1. This is expected since the order of similarity among different images obtained from the same original images in IDB2 is much lower compared to that of the IDB1. The WP technique has been found to provide a retrieval efficiency of approximately 55% (shown in Table 2 ). The TSI-LGM+WP technique provides a 10% improvement in performance over TSI-LGM. Comparison of Fig. 10 and Fig.   11 reveals that the color components provide a further 3-4% improvement over { } Y components. Fig. 13 and Fig 14. The image shown in Fig. 12 is used as a query. We note that the database contains two other images similar to the query image. First six images retrieved employing 3-D RHT technique are shown in Fig. 13 . It is observed that only one similar image (Fig. 13b) has been retrieved. On the other hand, Fig.  14 shows the first six retrieved images employing TSI-LGM+WP technique. Here we note that the proposed technique could retrieve both similar images (Fig. 14a-b) corresponding to lower and higher illumination.
A visual comparison of TSI-LGM+WP technique with 3-D RHT technique is presented in
To achieve a high efficiency of retrieval, a large tolerance (T) should be used. The level of confidence in a successful retrieval increases with T. Fig. 15 shows how η R improves with increasing T as a percentage of the total number of images stored in database. The performance was evaluated on images from IDB2 with the TSI-LGM+WP technique. It is observed that when T is about 20%, a retrieval efficiency of 92% may be obtained. We also note that the chrominance component, { } Cb Cr , , offers a marginal improvement in performance (2-4%). These figures of merit, however, depend on the characteristics of the image database. Although, a higher T improves the retrieval efficiency, it also increases the number of retrieved images. If the number of retrieved images increases beyond a limit, visual browsing might be difficult. In that case, a more sophisticated technique may be required to do a second retrieval pass.
It can be seen that the TSI-LGM+WP technique provides a superior indexing performance compared to Funt's algorithm (RHT). A possible explanation is as follows. The logarithmic operation on each color component substantially reduces the dynamic range of the pixel intensities. When the logarithmic image is convolved with a Laplacian operator, most of the data samples will be zero and the low frequency information is removed. This technique is similar to WP technique proposed here. However, while RHT compensates for change in illumination through the logarithm operation, WP first estimates the change in illumination and then compensates for it explicitly through the standard deviation and gamma parameters. We note that the TSI-LGM component in the combined TSI-LGM+WP technique helps to provide an overall superior performance.
It is known that the coding performance of wavelet-based scheme depends considerably on the choice of wavelets. The wavelets with higher vanishing moments generally provide better compression efficiency. In this paper, we have carried out experiments to test if the indexing performance of the proposed technique is sensitive to the choice of wavelets. Minimum phase Daubechies wavelets of 2-16 taps are chosen for this purpose. The performance has been seen to be marginally sensitive (up to 1-2%) to the choice of wavelets. No correlation between the performance and the vanishing moments of the wavelets has been observed. This is expected since energy compaction is not an important issue in indexing. As long as the feature vectors (of the query and target images) are obtained with the same wavelet, the proposed techniques are expected to perform well.
In indexing systems, the feature vectors are generally pre-computed and stored along with the image. Therefore, the run-time complexity is generally the complexity of comparing the feature vectors. It was observed in Fig. 11 that only a few moments ( ≈ 3) are required for matching. Hence, the complexity of run-time conversion from central moments to Legendre moments is very small. The dimension of the overall feature vector of the proposed techniques is very small, in the range of 5-10, resulting in low complexity. On the other hand, the dimension of the feature vector of RHT is in the range of 100-300. Therefore, the complexity of RHT is substantially higher than that of TSI-LGM+WP technique.
CONCLUSIONS
Two indexing techniques based on translation-and scale-invariant Legendre moments and statistical parameters of wavelet coefficients have been proposed in this paper. First, we have presented a momentbased technique where translation and scale invariant Legendre moments are used as an index. The performance of the proposed technique does not deteriorate when the images in the database are acquired in different lighting conditions. Secondly, we have presented a wavelet-based indexing technique where the indexes are statistical parameters of different directional wavelet bands. These parameters are appropriately modified so that the performance is robust to changes in illumination. This technique will be attractive when a wavelet-based coding scheme is used for storing the images efficiently in the database. It has been shown that the two techniques can be combined to have a superior indexing performance. The run-time complexity of this combined technique is small, since only a small vector of size 10-12 has to be compared for each image in the database. Table 2 Performance No. of Moments (N) Retrieval Efficiency (in %)
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